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Abstract 
This paper proposes a load scheduling approach for a 
residential home in an islanded PV micro grid scenario based on 
a Genetic Algorithm (GA). The primary aim is to inform on how 
a Demand Side Management (DSM) could reduce the capital 
cost of the residential home and operational cost of the 
microgrid by minimizing the use of fossil fuel generator. The 
research study proposes and describes the design for load 
allocation scheduling to achieve utilization of solar PV resources 
optimally. The proposed scheme is based on the time-of-use 
(TOU) and improvement of electricity users’ comfort. The 
demonstration of the concept is presented and discussed based 
on a smart single home scenario using a solar PV microgrid and 
battery in a rural community of Enugu State, Nigeria. 
     
 
  
Keywords—Microgeneration, Appliance Scheduling, DSM, 
Genetic Algorithm. 
I. INTRODUCTION 
Micro-grids can combine both fossil fuel and renewable 
energy resources to provide power to buildings [1], though 
managing these to be reliable, cost-effective and low-carbon 
is not straightforward. Islanded micro grids have no direct 
connection to national electricity infrastructure and so often 
need fossil fuel-powered generators to balance energy 
demand, since renewable energy sources are intermittent and 
variable [2][3]. A further complication for micro grid 
management is variations in energy demand of occupants of 
buildings [4]. To combat these complexities and variations, 
Demand-Side Management (DSM) is needed. DSM shifts 
energy usage from peak, to off-peak hours, [5, 6] thus, 
bringing demand within the limit of the available wattage 
provided by the microgrid [7]. DSM can improve energy 
efficiency and user comfort with cost minimization [8] and 
has previously been used in microgrids for residential 
dwellings [9].   
 
Other challenges for micro-grids exist, associated with 
having multiple power supplies, user time-of-use 
preferences, and engaging energy users to actively manage 
their demand [10]. Demand Response (DR) programs are 
type of DSM that promote the electricity users’ participation 
in shifting their energy consumption to reduce peak power 
demand [11].  DR can be price-based where the energy user 
is at liberty to  minimize energy consumption due to increase 
in energy price [12], or load-based, often called incentive 
based, where the Electricity providers have direct control of 
a portion of a user’s energy use for a certain period in 
exchange for incentive payments.  
 
Energy consumption in homes is complex, involving multiple 
appliances, thus, machine learning has previously been 
applied to optimize how microgrids operate [13]. Previous 
work has focused on micro-grids in built up areas, yet remote 
areas are often more prone to inconsistent power supply and 
have more potential for micro generation. Thus, remote areas 
could also benefit from micro-grids and DSM.  
This paper proposes a load scheduling approach for a 
residential home in an islanded PV micro grid scenario based 
on a Genetic Algorithm (GA). The primary aim is to inform 
on how a Demand Side Management (DSM) could reduce the 
capital cost of the residential home and operational cost of the 
microgrid by minimizing use of fossil fuel generator. The 
research study proposes and describes the design for load 
allocation scheduling to achieve utilization of solar PV 
resources optimally. The proposed scheme is based on the 
time-of-use (TOU) and improvement of electricity users’ 
comfort. The demonstration of the concept is presented and 
discussed based on smart single home scenario using a solar 
PV microgrid and battery in a rural community of Enugu 
state, Nigeria. The paper is divided into two phases: (i) a 
systematic review of domestic energy use and (ii) the 
proposed energy management algorithm.
 
II. GENETIC ALOGRITHMS FOR THE MICROGRID  
GA is a heuristic optimization search method that mimics the 
natural evolution to solve problems.  This can be achieved by 
encoding parameters into a sequence using a binary 
representation, referred to as the gene, which can be 
combined into chromosomes. Sets of chromosomes, or 
populations, pass through a process of natural selection by 
mating and mutation to create new offspring. Selective 
pressure based on goodness of fit (fitness of solution 
evaluation) of a defined function leads to an optimal solution 
[14]. A flowchart for GA is presented in Figure 1.  
 
Fig 1, Typical GA process 
 
Various evolutionary techniques have been previously used 
in load allocation and optimizing microgrid design; Table 1 
summarizes the success of Genetic algorithm (GA), Bat 
Algorithm (BA), Hybrid Bat, Tugachi, Binary Particle 
Swamp Optimization (BPSO), Ant Colony Optimization 
(ACO) and, the variables used. 
 






from the reviewed works, it is clear that ga has been 
extensively applied in addressing load allocations and 
optimization problems. however, none has been able to 
address the comfort of rural residential users in an islanded 
pv microgrid scenario with dedicated energy storage system. 
therefore, the proposed ga will examine those challenges.  
III. PROBLEM DESCRIPTION 
This research project aims to optimize the design of a 4.4kW 
solar PV microgrid with batteries in the Aninri area of Enugu 
State, Nigeria, installed by the National Agency for Science 
and Engineering Infrastructure Abuja, Nigeria [23]. Data 
from this real world installation will be used to assess how a 





Fig 2, Case Study PV Microgrid  
 
The proposed microgrid scheme consists of solar PV panel, 
the panel manager, a portable sized inverter system, an 
energy storage system (battery) and a central controller. In 
daylight hours, the solar PV panel generates DC that is passed 
to the storage system (battery). The charge controller decides 
whether to pass the generated DC to battery or to the inverter 
system depending on the intelligent signal received from the 
central controller. The inverter converts the generated DC to 
AC. The AC is passed to the intelligent central controller to 
be used by the  residential homes.   
A. Problem formulation 
The objective of the controller is to minimize total electricity 
cost and balance power consumption so that the available 
wattage is not exceeded at any particular time. To achieve 
this, for simplicity, appliances are assumed to be controlled 
using a time-of-use (TOU) tariff scheme so that additional 
energy generation can be stored during off peak hours and 
additional capacity offered at peak time. For simplicity in this 
study, the load profile of each home appliance follows pre-
set conditions obtained from the study site. Figure3 shows the 
individual load contributions of the residential home. Using 
the equation that relates price, energy and required quantity 
of energy, the estimated capacity needed at any given time is 
given as: 
 
Required amount (quantity in £) = 𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦 𝑡𝑎𝑟𝑖𝑓𝑓 (𝐶𝑃)  
× 𝑒𝑛𝑒𝑟𝑔𝑦 (𝐸) 
Where: 
 
energy E (KWh) = 𝑝𝑜𝑤𝑒𝑟 𝑃 × 𝑡𝑖𝑚𝑒 𝑇 (𝑑𝑢𝑡𝑦 𝑐𝑦𝑐𝑙𝑒) 
 
And therefore: 




Each appliance has an execution time of 24hr divided into 
duty cycle time (𝜕𝑡) of 20 minutes each. Appliances can be 
shiftable ( 𝑁𝑠)  or nonshiftable ( ℵ𝑛)  [24]. The GA’s 
adjustable variable is the total allotted wattage  ℘𝑖𝑗
𝑡  (𝑖𝑛 𝑘𝑊) 
where 𝑖 the appliance, 𝑗 is the load profile for each appliance 
𝑖 and 𝑡 is the allotted time. Therefore, the total wattage is: 
 ℘𝑖𝑗
𝑡 =  𝑃𝑖1
𝑡 +  𝑃𝑖2
𝑡 +  𝑃𝑖3
𝑡 …  𝑃𝑖𝑛
𝑡  
 
The total number of shiftable appliances can represented 
by ℵ𝑠. Hence: 
ℵ𝑖 ∈ ℵ𝑠 
 
Therefore, two or more shiftable appliances of the same 
category in the residential home can be identified by a 
decimal notation: 
 
For ∀𝑡 = 1, 2,3, … 𝕋 and ∀𝑖 = 1, 2,3, … ℵ𝑠. 
 
Where 𝑡 represents the time index. 
B. Objective function 
The main objective of the GA is to reduce peak demand by 
optimum allocation and maximize power utilization from the 
solar PV microgrid. If we represent the rated 
power ℘𝑖𝑗
𝑡  (𝑖𝑛 𝑘𝑊) as the adjustable (decision) variable, 𝑗 as 
the load phase for each appliance 𝑖 and 𝑡 as the allotted time; 
and then ℊ𝑖,𝑡
𝑘  is taken as the supporting decision variable 
which is seen as the binary number (1,0) of the appliance 𝑖 
at given time t. Then, the cost function Υ𝑐  is given as 
 








𝑡=1                           (1) 
 
The supporting binary decision variable is applicable as: 
ℊ𝑖,𝑡
𝑘 = 1, when appliance 𝑖 is turned ON at time 𝑡 and 
ℊ𝑖,𝑡
𝑘 = 0, when appliance 𝑖 is turned OFF at time 𝑡 
 
If we represent another supporting decision variable as the 
electricity user’s baseline for ON/OFF status of the appliance 
𝑖  at time 𝑡  as  ℎ𝑖,𝑡
𝑘  , then the second objective tends to get 
additional wattage from the dedicated energy storage of the 
micro grid. The equation above mathematically forms the 
new objective function expressed as[25]: 
Υ𝑐 = 𝑚𝑖𝑛 ∑ ∑ ∑ [ ℘𝑖𝑗
𝑡 [ℂ𝑡 ∗ ℊ𝑖,𝑡









𝑘 )] ∗ 𝜕𝑡]                                                                        (2) 
 
Where ℂ𝑡  the electricity price or the TUO is tariff at given 
time 𝑡; 𝛼𝑡 is added incentive or additional wattage at a given 




𝑘 = 1 , therefore it means that ℎ𝑖,𝑡
𝑘  and ℊ𝑖,𝑡
𝑘  
complement each other. 
 
Provided that  ℘𝑖𝑗
𝑡 ≥ 0, 𝛼𝑡 > 0, ℵ𝑠 = 6, 𝕋 = 166 , 
𝜖(ℎ𝑖,𝑡
𝑘 − ℊ𝑖,𝑡
𝑘 ) = 1, Only if(ℎ𝑖,𝑡
𝑘 − ℊ𝑖,𝑡
𝑘 ) is greater than zero, 
 But become 𝜖(ℎ𝑖,𝑡
𝑘 − ℊ𝑖,𝑡
𝑘 ) = 0,  only if (ℎ𝑖,𝑡
𝑘 − ℊ𝑖,𝑡
𝑘 )  is less 




𝑘 )  binary (1,0) is indicator function that 
shows the status of the model. Hence,  𝜖(ℎ𝑖,𝑡
𝑘 − ℊ𝑖,𝑡
𝑘 ) indicates 
one (1) when extra wattage is not required but zero (0) when 
extra wattage is required and when there is need to minimize 
consumption by turning off some appliances during peak 
time. In other words, 1 means get additional support while 0 
means no additional support. The study is subject to the 
following constraints from equation (1):  
∑ ∑ ∑ [ ℘𝑖𝑗
𝑡 [ℂ𝑡 ∗ ℊ𝑖,𝑡
𝑘2 − 𝛼𝑡 ∗ 𝜖(ℎ𝑖,𝑡








𝜕𝑡]  ≤ 10                                                                   (3) 
 
Therefore, the constraint tends to regulate the amount of 
electricity tariff the user can afford on daily bases, which 
should be less than or equal to £10.   
 
We considered only the shiftable appliances as the flexible 
load at time range specified by the users. Hence, 𝜈𝑖and 𝜓𝑖  are 
the start and end of the appliance scheduled time range; 
It is important to ensure that wattage is available at the needed 




≥  Ι𝑖                                                               (4) 
 
 Ι𝑖  is suitable time duration for the appliance 𝑖 to complete 
operating cycle. Therefore, the constraint in equation below 
is required for continuous operation appliances[26]: 
∑ ℊ𝑖,𝑡




. . . ℊ𝑖,𝑡+(Ι𝑖−1)
𝑘 ≥  1       (5) 
 
The constraint in the equation below allows the each 
appliance to start operation after the other: 
𝜈𝑖2 ≥ 𝑑𝑖1 + Ι𝑖                                                                (6) 
 
The second constraint means that at each daily operating 
cycle, the total available capacity or supplied power (W) must 
be greater than or equal to the total sum of individual load 
(total estimated wattage in W): 
 ℘𝑖𝑗𝑠𝑢𝑝
𝑡 ≥  𝑃𝑖1
𝑡 +  𝑃𝑖2
𝑡 +  𝑃𝑖3
𝑡                                              (7) 
 
Moreover, every residential home energy user has preference 
of appliance use based on LOT time constraints. 
a) The Discomfort parameter 
The comfort parameter 𝑙 ensures the reduction in mismatch 
that occur between the baseline and optimal scheduling 
parameters. The adjustment and shifting of use are taken as 
discomfort in this study. Therefore, the objective function in 
equation above can be reduced by the user as: 
 








𝑡=1                                (8) 
We can then add the discomfort level in the objective 
equation 1. Hence the adjusted objective the user tends to 
minimize: 
Υ𝑐+∝ 𝑙 = 𝑚𝑖𝑛Υ 
C. Residential Home Appliances 
This study, for simplicity uses one of the homes in the case 
study on which to base the GA. The home proposed is a semi-
detached bungalow with multiple appliances each with 
definite length of operation time (LOT) or duty cycle time 
which is used to generate an energy consumption vector [27, 
28]. Figure3 shows the total estimated load and the available 
load. This study is based on the actual solar PV plant from 
the National Agency for Science and Engineering 
Infrastructure Abuja, Nigeria [23].  
 
Tables 2 and 3 show the proposed energy consumption in the 
case study house for non-shiftable appliances [29], which 
have fixed energy consumption at each time slot, and 
shiftable appliances, which have adjustable energy 
consumption at each time slot and can be sub-categorized as 
interruptible and non-interruptible. C. Chen et al (2013) and 
Agnetis et al (2013) described these as:  
 Non-interruptible shiftable appliances (𝑁𝑎) : 
appliances consume the same amount of 
energy for every hour without being 
interrupted. The appliances in this category 
cannot be turned OFF or ON during their time 
of operation. Moreover, the electricity 
consumption of these appliances is not 
adjustable. e.g. washing machines.  
 Interruptible shiftable appliances: The 
appliances in this category can be turned OFF 
or ON during their operating time. Some 
appliances in this category also depend on the 
environmental (weather) condition during 
their operating time. e.g. iron, cooker, 
refrigerator and air conditioner. 
Table 2, Non-shiftable appliances in case study building 
 





Energy Bulb (for 
indoor and 
security lights) 
0.20 Non-shiftable load that 
can operate for 24 hours 
daily. Their minimum and 
maximum power loads 
are between 0kW to 
0.20kW during their 
operating cycle. Can 
consume the energy of  




and phones   
0.30 Non-shiftable load that 
can operate for 24 hours 
daily.  
𝑁𝑎3 Television and 
accessories(TV, 
Radio,  
0.25 Non-shiftable load that 
can operate for 24 hours 
daily.  
 





















































0.5 2.30 1.15 Interruptible 
Shiftable 
load  




































𝑆𝑎1 is environmentally weather controlled shiftable load that 
can operate 24 hours daily. It can operate between 0kW to 
0.38kW during their operating cycle and also consume the 
estimated energy of 3.43kWh daily. The minimum and 
maximum power loads are between 0kW to 0.38kW during 
their operating cycle. Can consume the estimated energy of 
3.43kWh daily. 
 
𝑆𝑎2  is Non-interruptble Shiftable load with three cycles of 
operation (washing, rinsing and drying). Power load can vary 
between 0.52kW to 0.65kW. The full cycle of operation takes 
about 45mins – 150 mins. The power load of cloth dryer is 
about 0.19kW – 2.97kW. 
𝑆𝑎3 is interruptible Shiftable load that can be used more than 
once daily. The operating power load varies between 0.75kW 
to 2.35kW. 
𝑆𝑎4  is Environmentally weather controlled Shiftable load 
with peak of 2.75kW working hours and 0.25kW during the 
compressor off period. Normal AC (2.5-ton) can consume 
31.15kWh of energy daily. Can consume energy of  1.72kWh 
daily. 
𝑆𝑎5 is Interruptible Shiftable load that can operate more than 
once daily. The minimum and maximum loads are between 
1.25kW to 0.93kW during the operating cycle. 
𝑆𝑎6 is Interruptible shiftable load operating more than once 
daily. Their minimum and maximum power loads are 
between 0kW to 2.4kW during the operating cycle. Can 
consume the energy of  2kWh daily. 
 





Fig4: Daily individual load contributions 
D. Appliance Operation Time 
User preference determines the appliance operation period. 
The minimum start and end time for each scheduled load on 
this case study is specified in fig5 with colour coding for 
shiftable appliance scheduling and allocated load points. See 
the appendix for the detailed analysis.  
 
Fig5: Colour coding for shiftable appliance Scheduling   
 
 
GA Solution Representation 
The appliance is shceduled based on priority during the 24h 
period. Hence, a certain appliance can be preferred for 
operation at a particular time depending on the time of use 
and category of the load (i.e controllable, weather controlled 
etc.). From fig6, the scheduled appliance profile in fig5 is 
further described and classified based on the actual daily 




Fig6: Proposed GA based solution representation 
 
It is envisioned that the evolutionary operation of proposed 
GA for load allocation would produce a solution set which 
represent optimal search of parameters under the active 
demand scenarios. A set of the generated binary values would 
determine state (ON/OFF) of loads in the Node Slot (see 
fig6). The GA would evolve the set of solution using the 
proposed format guided by the objective function described 
in section B.   
IV. SUMMARY AND CONCLUSION  
The current state-of-art in micro generation technology and 
energy management reviewed showed that many different 
mathematical models and optimization techniques have been 
explored for residential home scheduling using DSM and 
more specifically DR. In remote regions, microgeneration 
and renewable energy resources serve as the major source of 
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battery storage is needed. It is possible to use GA to optimize 
micro-grids and reduce the initial capital cost of the batteries 
and peak loads. A design for such a micro-grid is proposed, 
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